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Automatic Model Selection
in Cost-sensitive Boosting

Abstract. This paper introduces SSTBoost, a predictive classification
methodology designed to target the accuracy of a modified boosting
algorithm towards required sensitivity and specificity constraints. The
SSTBoost method is demonstrated in practice for the automated med-
ical diagnosis of cancer on a set of skin lesions (42 melanomas and 110
naevi) described by geometric and colorimetric features. A cost-sensitive
variant of the AdaBoost algorithm is combined with a procedure for
the automatic selection of optimal cost parameters. Within each boost-
ing step, different weights are considered for errors on false negatives
and false positives, and differently updated for negatives and positives.
Given only a target region in the ROC space, the method also com-
pletely automates the selection of the cost parameters ratio, tipically of
uncertain definition. On the cancer diagnosis problem, SSTBoost out-
performed in accuracy and stability a battery of specialized automatic
systems based on different types of multiple classifier combinations and
a panel of expert dermatologists. The method thus can be applied for
the early diagnosis of melanoma cancer or in other problems in which an
automated cost-sensitive classification is required.

KEYWORDS: cost-sensitive classification, melanoma, boosting, classifi-
cation trees, automated medical diagnosis.

1 Introduction

Most of the predictive classification tools that we may expect to apply in
the future for real-world applications, e.g. for automated diagnosis systems from
biomedical data in a distributed setting, will have to incorporate into the learning
process the appropriate cost parameters in order to drive the system towards the
optimal performance in terms of sensitivity and specificity. Control of both these
error measures is critical [1, 26].
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However the usefulness of simply adapting a cost-sensitive mechanism within
a good predictive data mining tool, in our case the Adaboost algorithm [16], is
limited. Given a data set, a specific choice of the cost parameters will determine
a model with a specific pair of sensitivity and specificity values, e.g. a point
in the ROC space. The costs of a false negative or of a false positive in a bi-
nary medical classification problem are often estimated only approximately: as
they may influence significantly the classifier accuracy one is often left with the
doubt that, in order to reach the minimum specified performance, altering the
costs is more effective than refining the model. At the same time, the learning
procedure will also depend on the prior probabilities of the classes, thus adding
training material at fixed costs may produce a model with different sensitivity
and specificity.

A further complication arises whenever the classification process is split in
several phases. For example, in a screening phase a high sensitivity test is re-
quired in order to recognize the highest number of positive cases, while later a
more specific test (e.g. a visit by a more experienced practitioner) may be ad-
ministered to these positives. It is unclear whether the cost parameters should
be defined for the whole process or differently for the two tests.

What remains in any case effective is the definition of pairs of sensitivity and
specificity constraints as a target of the classification process.

In this paper we discuss how to develop a good cost-sensitive classification
algorithm, which is independent as much as possible from a precise definition of
cost parameters and from class imbalance. We complete our methodology with a
practical search procedure to get into, or as close as possible to, a target region
in the sensitivity-specificity space. The aim is to wrap all of the cost-sensitive
boosting learning cycle with a model selection procedure. As a cost-sensitive
algorithm, we will present in this paper a variant of the AdaBoost algorithm [16].
The basic AdaBoost algorithm allows to develop systems with high accuracy, but
misclassification analysis on different output classes were not originally included
within the training mechanism. However, it is still possible to build a good cost-
sensitive variant of AdaBoost which differently optimizes the model for the two
classes. In our variant, cost-sensitive boosting is achieved by (A) weighting the
model error function with separate costs for false negative and false positives
errors, and (B) updating the weights differently for negatives and positives at
each boosting step.

Similar approaches have been described elsewhere. In particular, a cost-
sensitive variant of AdaBoost was adopted for AdaCost [14]: based on the as-
sumption that a misclassification cost factor has to be assigned for each training
data, the weights are increased in case of misclassification or decreased other-
wise according to a non negative function of the costs. A different model error
function than in (A) is considered, as we focus on explicit weighting in terms
of sensitivity and specificity. Karakoulas and Shawe-Taylor [25], have also intro-
duced a similar approach based on misclassification costs constant for all the
samples in a class. Their procedure leads to increase the weights of false nega-
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tives more than false positives and, differently from our approach, to decrease
the weights of true positives more than true negatives.

We applied the procedure in a medical diagnosis task: a classification model
for assisting the screening of skin lesions was developed on real data, requiring
sensitivity greater than 0.95 and specificity greater than .50 . Our AdaBoost
variant (SSTBoost: Sensitivity-Specificity Tuning Boosting) allowed a remark-
able improvement over previous results on the same data set which had been
obtained with a combination of classifiers specifically designed for the task [5].
An improvement was also found in the control of variability (standard deviation
of error estimates). The combined strategy of SSTBoost resulted more effective
than applying an external cost criterion to AdaBoost, as documented in [35].

The paper is organized as follows. The next Section 2 briefly introduces the
classification problem which inspired our approach. The SSTBoost method is
described in Section 3. The approach is evaluated on the melanoma data in
Section 4. Section 5 concludes the paper.

2 Automatic Melanoma Classification

Melanoma is one of the most dangerous skin cancers. About 91% of the skin can-
cer deaths are due to this tumor. Its incidence is constantly increasing worldwide.
The early diagnosis is the key factor for its prognosis, but the early melanoma
can have a benign appearance. Digital epiluminescence microscopy (D-ELM) is
a non-invasive clinical technique that allows the visualization of several colori-
metric and morphological characteristics of the skin lesions, providing additional
diagnostic criteria in the dermatological assessment. D-ELM is effective in in-
creasing the diagnostic accuracy of a dermatologist, but it requires a well-trained
specialist to be correctly exploited. Therefore, in order to support physicians in
the melanoma diagnosis, a number of computerized systems were developed with
different approaches: Shindewolf et al. [33] used a decision tree to classify images
of skin lesions digitized from ELM slides. Binder et al. [2] applied an artificial
neural network to classify dermatological images, using features provided by a
physician. Green et al. [24] used a discriminant analysis as classification system.
Ercal et al. [13] applied an artificial neural network on features extracted by pho-
tographic images with different films. Takiwaki et al. [34] used a decision tree
to discriminate among the lesions. Seidenari et al. [32] applied a discriminant
analysis describing the most significant features. Bishof et al. [4] used a decision
tree to classify images form a D-ELM system. Binder et al. [3] used a neural
network and showed that clinical data could improve the classification accuracy,
especially when the system has to classify also dysplastic lesions. Dreiseitl et al.
[10] compared several machine learning methods for the diagnosis of pigmented
skin lesions.

Following this approach, we developed MEDS, a computerized system whose
aim is to support physician in the early diagnosis of melanoma. As described in
[5], the MEDS database is composed by 152 digital epiluminescence microscopy
images (D-ELM) of skin lesions, acquired at the Department of Dermatology



4 Merler et al.

109 A:sen>0.95, Spe >0.50 r
i T S
| ! |
L V-
o 7‘777\7‘+7 77777
0.8 4 ' P L
|
ekt }
[H B [
| |
| |
0.6 + | | -
2z I i
g ! [
7
2
Q
[2]
0.4 F
02+ 8
004 F
! ! ! ! ! !
00 02 0.4 06 08 10

1-Specificity

Fig. 1. Sensitivity and specificity (indicated by dots) with standard deviations
(represented with the crosses) achieved by a panel of 8 dermatologists. The top-
left rectangle represents the region of the ROC space defined by the constraints
(sensitivity > 0.95 and specificity > 0.5).

of Santa Chiara Hospital, Trento. Image processing of D-ELM data produces 5
geometric-morphologic and 33 colorimetric features for each image, for a total
of 38 features. All the lesions were excised and submitted to the histological
analysis, whose results represent our gold standard. According to this protocol,
the MEDS database includes 42 malignant lesions (melanoma: positive examples)
and 110 nevi (negative examples).

In [5], different classifiers and a panel of 8 dermatologists were compared. The
152 D-ELM images were displayed randomly on a monitor and the dermatologist
assessed a diagnosis for each image, reproducing a tele-dermatology setting. This
procedure was repeated for every dermatologist. The performances of the panel
of dermatologists are shown in Fig.1 and collected for comparison with system
results in Tab.1. The variability of the physicians’ performance is mainly due to
their different expertise in the epiluminescence analysis.

In this paper, we simulated a model to support a screening campaign of skin
lesions. In this case, a non-expert physician, i.e. a general practitioner (GP),
examinates a great number of patients in order to recognize as many early ma-
lignant lesions as possible. As noted by Menzies [27], the benign/melanoma ratio
of excised lesions for GPs is 30:1; this evidence supports the design of a classifier
system which warrants very high levels of sensitivity at the cost of a moderate
accuracy in specificity. While the ultimate decision is demanded to the physician,
this strategy may limit the number of unnecessary inspections by a specialist.
Hence, we simulated the development of a model for early diagnosis with sensi-
tivity greater than 0.95 and specificity greater than 0.50.
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3 The SSTBoost Cost-sensitive Procedure

3.1 AdaBoost and SSTBoost

In this section we describe first the basic Adaboost learning procedure [16].
Given a training data set L = {(z;,y;)}, with ¢ = 1,..., N, where the z; are
input vectors (numerical, categorical or mixed) and the y; are class labels taking
values -1 or 1, the discrete Adaboost classification model outputs the sign of an
incremental linear combination of different realizations of a base classifier. Each
realization is trained on a weighted version of L, and it is obtained increasing the
weights for the samples currently misclassified. Alternatively, if the base model
does not accept internally weights, it can be trained over weighted bootstrap
versions of L. The AdaBoost procedure for a combination H of T base classifiers
is summarized in Box 1.

— Given L = {(xi;yi)}i:L...,N C X x {—1,—|—1}
— Initialize D;(¢) = 1/N
—Fort=1,..T:
1. Train the base classifier h using distribution D;.
2. Get hypothesis hy : X — {—1,+1}
3. Compute model error ¢, = ), D;(i)Olyshe(z;) = —1]
where O[P] returns 1 if predicate P = true, 0 otherwise.

1 1-
4. Choose ay = =1n ( et

2 €¢
Dt(i)e*atyihi(-'lfi)

5. Update D11 (i) = where Z; is a normalization

t
factor chosen so that D¢y will be a distribution

T
— Qutput the final hypothesis: H(z) = sign (Z atht(x)>
t=1

Box 1: The AdaBoost algorithm

Maximal decision trees can be considered as base classifiers h;. Decision trees
were implemented following the classic reference [6]. Using unpruned trees avoids
the need of introducing the regularization metaparameter in the system; more-
over, maximal trees give best results with boosting when there is enough inter-
action between variables, as discussed in [8,20,23].

The model error € defined in AdaBoost (Box 1) does not differentiate the
costs of misclassification for different output classes. In Box 2 we introduce a
variant of AdaBoost (Sensitivity-specificity Tuning Boosting: SSTBoost) which
takes into account costs at two different levels.
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— Given L = {(xi,yi)}i:L...,N Cc X x {—1,+1}
— Given cost parameter w € [0, 2]
wif y; = +1

— Define ¢; = 9 —wif y; = —1
— Initialize Dy (i) = 1/N
—Fort=1,..T:

1. Train base classifier h using distribution D;.
2. Get hypothesis hy : X — {—1,+1}
3. Compute model error ¢, = (1 — Se)m 1w + (1 — Sp)7m_1(2 — w)
4. Choose a; = 1ln (1 — €t>
2 €¢
Dy (i)eot(2=¢)

. " if yihe(z;) = +1
5. Update Dyyq (i) = ¢, )

Dy(1)e*tc |
where Z, is a normalization factor chosen so that D¢y will be a
distribution

T
— OQutput the final hypothesis: H,, (z) = sign <Z atht(x)>
t=1

Box 2: The SSTBoost algorithm: internal learning procedures

Firstly, given class priors m; and costs (or losses) ¢; of a misclassification for
class i € {—1,+1}, we propose to consider the following weighted version of the
model error:

e=(1-Se)mpicyr + (1 — Sp)m_1c_1. (1)

As discussed in [1], rather than considering separately the values of the two
c—1 and c41, it is more convenient to consider the cost ratio % or to impose
a constraint cy; + c¢_1 = cost. Imbalance between classes may also play an
important function, not necessarily correlated with the cost ratio: in these cases
one should consider the extended cost ratio -*17*%, not discussed in this study. In
Box 2, a cost parameter w € [0, 2] is defined such that ¢11 = w and ¢y = 2 —w:
clearly, w = 1 corresponds to the classical AdaBoost model, while values of
w > 1 will increase contribution to error by misclassification of positive cases,
and vice versa for w < 1. In particular, suppose w > 1: a greater weight a; will

be therefore assigned to the models with higher sensitivity.

On a more local scale, Step 5 in Box 2 introduces a second variation to AdaBoost
in the weight updating procedure. For w > 1, the weights of the misclassified
positive samples will be increased more than those of misclassified negatives,
and the weights of the correctly classified negative samples will be decreased
more than those positive and correctly classified (Figure 2). In order to induce
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Fig. 2. Weight updates.

higher sensitivity, the procedure therefore puts more attention on the hardest
positive examples. In terms of the margin y; H (z;), the result of the procedure is
to increase the margin of the positive samples more than for the negative ones.
According to the results in [31], it follows that the measure of confidence in the
prediction is higher for the positive samples, i.e. for w > 1 the final SSTBoost
model has been trained for generalizing with higher sensitivity.

This property was tested on the MEDS melanoma data base: in the left panel
of Figure 3, the cumulative margin distribution (data from both classes) is shown
for three different values of the misclassification costs. For w = 1 (equivalent to
the AdaBoost algorithm), we can see that the margins are approximately con-
centrated between 0.5 and 0.8. For values of w different from 1, a gap in the
margin distribution is observed. In particular, for w = 1.34375 the cumulative
distribution remains flat approximately from 0.3 to 0.8 (solid curve in the left
panel of Figure 3). The right panel of Figure 3 clarifies how the gap is originated
for this value of the cost parameter: training has aggressively increased the mar-
gin of the positive samples (always greater than 0.8), while the margin of the
negative samples remains lower than 0.3.

3.2 The SSTBoost Search Procedure

The cost-sensitive procedure discussed in Section 3.1 supports the development
of classification models H,, differently polarized towards sensitivity or specificity.
Here we discuss a method for the automatic selection of an optimal cost param-
eter w* in order to satisfy or to get as close as possible to admissible sensitivity
and specificity constraints. The idea is to take advantage of the cost-sensitive
learning variant described in Box 2 and at the same time to avoid a manual
tuning of w or an extensive tabulation of the possible H,, in order to reach the
minimal operative requirements. If A is a target region in the ROC space, i.e. A
is a compact subset of [0, 1] x [0, 1], the constraints are satisfied for w* such that

(1- Sp/(E*), Se/(E*)) € A, where SE(?U) and 517(71)) are predictive estimates (e.g.
from cross-validation over the training data L) of the sensitivity and specificity
of the model H,, computed according to Box 2. The goal is then the minimiza-
tion of the distance between the ROC curve and the compact set A, where the
ROC curve is defined as ¢g : [0,2] — R?

—_——~

¢u(w) = (1 = Sp(w), Se(w)). (2)
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Fig. 3. Left panel: cumulative margin distribution for different values of the
misclassification costs. For values of the misclassification cost w different from
+1, a gap in the margin distribution is observable. Right panel: cumulative
margin distribution of positive and negative samples for w = 1.34375.

The problem can be addressed as a minimization problem of a function of one
real variable. Let A : [0,2] — R* be defined as

Aw) = dist(¢r (w), 4) = min [l¢x (w) - af|. 3)

The problem admits a solution, not necessarily unique: the possible optimal cost
parameters are selected by w = argmin,, A(w). In practice, constraints are likely
to be of the type (Se > a AND Sp > b). In this case, A is a rectangular subset
and the two components of ¢y are increasing, so numerous search algorithms
can be applied to quickly individuate an optimal cost parameter @w. A simple
but effective bisection method is described in Box 3. The algorithm fails when
¢u([0,2]) N A = (), otherwise one has to choose one of the w such that ¢g(w) €
A according to some super-optimality criterion, or just stopping at the first
admissible w. Several effective alternatives for the search procedure are available,
all leading to a fast convergence towards A, or at least as near to A as possible,
particulary without strict hypotheses over the cost parameter. However, it must
be taken into account that the ¢g(w) is only estimated (by cross-validation,
in our example), and thus its smoothness is not necessarily ensured. Following
[1], in case information about the ¢; costs resulted available, the search can be
constrained within a smaller interval I C [0,2]. A further improvement might
be introduced in the procedure by considering a non-euclidean distance for the
dist function in Eq. 3.
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We applied the procedure described in Boxes 2 and 3 to develop an effective
model for early melanoma diagnosis. The goal was the development of a tool
for supporting the discrimination between malignant and benign lesions in ac-
cordance with application-specific constraints based on the MEDS data set de-

Cost-sensitive Boosting with SSTBoost

— Given a target region A
— Set w1 =1, Wmin = 0, Wnaz = 2
— Train H,, (x) as in Box 2 and use cross-validation to estimate ¢ (w1)

—Fori=1,..,. M
1. If ¢ (w;) € Failure Region
Abort

Elself ¢g(w;) € Low Specificity
Wit1 = 1/2(wmaz - wi)
Wmin = Wi

Elself ¢ (w;) € Low Sensitivity
wit1 = 1/2(wi — Wmin)
Wmaz = Wi

Elself ¢p(w;) € A
Return w = w;

EndIf
2. Train H,,,,(x) and use cross-validation to estimate ¢p(w;y1)
EndFor
1.0 =
A
Low Specificity
0.8 - =
Low Sensitivity Failure Region
o 0.6 - =
H
3
0.4 =
0.2 - =
0.0 + =
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

1-Specificity

Box 3: The SSTBoost tuning procedure

Application to the melanoma data

scribed in Section 2.
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Fig. 4. Left panel: ROC curve on the melanoma MEDS data for the SSThoost
model (solid line) compared with the ROC curve (dotted) of the th-Adaboost
models obtained shifting the classification threshold. The dashed rectangle on
the top left represents the target region and the points indicate the value of the
cost w during the SSTBoost optimization as described in Box 3. Right panel:
distribution of the k statistic for pairs (m;,m;+1) of models from the tuning
procedure.

The system was designed to support early diagnosis in a screening modality:
it was required to recognize the maximum possible number of malignant lesions,
accepting a specificity of at least 0.5. The target region A in the ROC space is
therefore defined as Se > 0.95 and 1 — Sp < 0.5. The target region corresponds
to the shaded rectangle in the left panel of Fig. 4. The ROC curve, estimated by
cross-validation for different H,, models, is also plotted: the curve is obtained by
tabulation of ¢ (w), following the SSTBoost procedure in Box 2. The 6 circles
indicate the performance for models m1,...,m6: the models were obtained as
steps of the tuning procedure in Box 3 (the SSTBoost steps alternate along
the curve in correspondance to the values w=1, 1.5, 1.375, 1.3125, 1.34375). The
complete ROC curve of the th-Adaboost classification model performance is also
included in the same plot. The experiment shows that we can avoid computing
a dense estimate of the ROC curve and leave the algorithm self-tune in order to
reach the target region in 6 convergence steps, while improving over the baseline
th-Adaboost procedure.

Measuring the effective difference between different proposed classifiers is an
important issue in model selection procedures. Given two models and a com-
mon test set, the x statistic can be computed in order to test the difference
between the models [9]. For k = 0 the agreement between classifiers equals that
expected by chance, while £ = 1 indicates complete agreement between the two
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models. The distribution of x statistic at each step of the tuning algorithm,
i.e. k(m;, m;y1) is shown in the right panel of Fig. 4. For each pair of models
(i.e. of pairs of cost parameters), the  statistic is computed on each of the 10
cross-validation test sets. It can be observed that diversity between models pro-
gressively reduces at each step: at the end, the median x value is greater than
0.8 indicating very small changes in model performance.

Table 1. For each classifier and combination of classifiers, sensitivity and speci-
ficity, with the standard deviation, are shown. The asterisk indicates results
from [5]. The last row of the table concerns with the averaged performances of
8 dermatologists (see Section 2).

Classifier Sens. £ SD Spec. £ SD
Discr. Ana.* 0.65+0.30 0.83+0.11
C4.5* 0.64+0.28 0.84+0.05
1-NN* 0.68+0.30 0.90+0.10
9-NN* 0.41+0.25 0.96 +0.04

Discr. Ana. + C4.5 + 1-NN* 0.86 £ 0.32 0.64 +£0.11
Discr. Ana. + C4.5 + 9-NN* 0.84 £ 0.32 0.71+0.12

Bagging 0.48 £0.28 0.96 +0.07
AdaBoost 0.49+0.32 0.97+0.04
th-AdaBoost 0.92+0.12 0.70+0.14
SSTBoost 0.97+0.07 0.54+0.18
Dermatologists 0.83+0.23 0.66 +=0.13

The classification results on the MEDS data set are summarised in Table
1. The first group of rows includes results from a previous study [5] in the
same experimental condition; results for bagging and the different variants of
AdaBoost studied in this paper, including SSTBoost, are then reported. The
machine learning results may be compared with the average performance over a
panel of 8 dermatologists again in the same experimental conditions. In [5] the
most interesting results were obtained by combination of classifiers. In particular,
the performance closest to the constraints was obtained with a combination of
three models: Discriminant Analysis, C4.5 and Nearest Neighbors.

The value for AdaBoost reported in Table 1 is slightly better than bagging
and clearly unbalanced towards specificity. First a family of models was obtained
from the AdaBoost models by thresholding the margin distributions for the two
output classes and then choosing an optimal model as a function of the thresh-
old. The results for this procedure are listed as the th-AdaBoost model. The
SSTBoost procedure yielded the overall best results (see also Fig. 4). The tar-
get region A was reached in only 6 steps. Moreover, the model variability was
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very moderate in comparison with the other models developed in this and in the
previous study. It is interesting to note that the improvement of SSTBoost over
th-AdaBoost seems to confirm the comparison between the MetaCost architec-
ture for boosting and AdaCost reported in [35].

5 Conclusions

We have developed a methodology for cost-sensitive classification which extends
boosting into a classification tool for automated diagnosis with self-tuning prop-
erties. Given a required minimal performance, in terms of a target region for
sensitivity and specificity, we have indicated and tested a procedure for selecting
the optimal w, i.e. such that the corresponding model reaches or goes as close
as possible to the accuracy goals.

The introduction of a cost parameter w both within the estimated error
function as well as within the weight updating of AdaBoost (as in [14]) allowed
to effectively increase the margin of the predictions of one class with respect to
the other.

In the skin cancer diagnosis task (cfr. Fig. 1 and Tab. 1), the model achieved
a better sensitivity than each of the dermatologists. Both the model and 7 of
the 8 dermatologists performed more than 0.5 specificity. On the average the
dermatologists obtained a better specificity than SSTBoost, but none reached
the 0.95 value in sensitivity.
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